The availability of satellite estimates of rainfall and lake levels offers exciting new opportunities to estimate the hydrologic properties of lake systems. Combined with simple basin models, connections to climatic variations can then be explored with a focus on a future ability to predict changes in storage volume for water resources or natural hazards concerns. This study examines the capability of a simple basin model to estimate variations in water level for 12 tropical lakes and reservoirs during a 16-yr remotely sensed observation period (1992)(1993)(1994)(1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007). The model is constructed with two empirical parameters: effective catchment to lake area ratio and time delay between freshwater flux and lake level response. Rainfall datasets, one reanalysis and two satellite-based observational products, and two radar-altimetry-derived lake level datasets are explored and cross checked. Good agreement is observed between the two lake level datasets with the lowest correlations occurring for the two small lakes Kainji and Tana (0.87 and 0.89). Fitting observations to the simple basin model provides a set of delay times between rainfall and level rise ranging up to 105 days and effective catchment to lake ratios ranging between 2 and 27. For 9 of 12 lakes and reservoirs the observational rainfall products provide a better fit to observed lake levels than the reanalysis rainfall product. But for most of the records any of the rainfall products provide reasonable lake level estimates, a result which opens up the possibility of using rainfall to create seasonal forecasts of future lake levels and hindcasts of past lake levels. The limitations of the observation sets and the two-parameter model are discussed.
Introduction
Monitoring and predicting water availability plays a critical role in most parts of the world and particularly for the agrarian economies of the tropics (Glantz et al. 1991; Anyamba and Eastman 1996) . In the past decade improvements in satellite radar altimeter estimates of river and lake levels offer an exciting additional monitoring tool to complement declining networks of in situ gauges (Cré taux and Birkett 2006; Anyah et al. 2006 ). However, prediction systems are currently limited since current climate models do not resolve detailed hydrologic processes at the level of individual lakes. Here we exploit the simultaneous availability of estimates of net surface freshwater flux and lake levels during a 16-yr altimetric satellite observation period (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) to develop simple models of water level variation for a sample of tropical lakes. The results of this study provide information on the values of the effective catchment to lake ratios and the time delay between freshwater flux and lake level response, allowing us to compare the consistency of independent rainfall and lake level observations. While we focus on tropical lakes because of their strong seasonal and interesting interannual variability, the ideas should be applicable to lakes at higher latitudes as well.
Net surface freshwater flux is the difference between precipitation and evaporation over the catchment area. In the tropics net freshwater flux varies strongly seasonally, mainly as a result of seasonal variations in rainfall rather than evaporation. On monthly time scales the spatial distribution of rainfall is concentrated in atmospheric convergence zones where rainfall exceeds 10 mm day
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. The principal convergence zones are the intertropical convergence zone (ITCZ), and its intersection with tropical continents, the South Pacific and Atlantic convergence zones. Of these, the narrow zonally oriented ITCZ gives rise to the most striking variations in rainfall as it follows the seasonal shift of solar declination northward in boreal summer and southward in austral summer (Charney 1969) , and its movements are thus responsible for the wet and dry seasons in the tropics.
Near the annual mean position of the ITCZ (generally a few degrees north of the equator) freshwater input reaches a peak twice a year in boreal spring and boreal fall, as the ITCZ passes overhead on both its northward and southward migrations. The distribution of regions with these semiannual rainy seasons is somewhat irregular spatially, particularly in the Amazon region (Sombroek 2001; Marengo et al. 2008) . Farther poleward the seasonal rainfall is characterized by one wet season in the northern tropics during boreal summer and in the southern tropics during boreal winter.
In addition to seasonal variations, ITCZ rainfall exhibits strong interannual variability, notably associated with ENSO. During the northern winter of the warm El Niñ o phase of ENSO rainfall is enhanced in the central and eastern tropical Pacific as well as eastern tropical Africa, while drought conditions prevail in maritime Australasia and in eastern equatorial South America (Ropelewski and Halpert 1996; Nicholson and Kim 1997) . By the northern summer of an El Niñ o year dry conditions extend throughout northern tropical South America, while the Indian monsoon is reduced in strength. During the cool La Niñ a phase precipitation patterns are approximately reversed, with dry conditions in the central and eastern tropical Pacific and eastern Africa and anomalously wet conditions in maritime Australasia in northern winter. By the following summer anomalously wet conditions span northern South America as well as India (due to a strengthening of the Indian monsoon). During our 16-yr period of interest there were five El Niñ o events: a strong and long-lasting event in 1997 -98, substantial events in 1992 -93 and 2002 -03, less substantial events in 1994 -95 and 2006 -07, and three La Niñ a events in 1998 -99, 1999 , and 2007 In addition to ENSO, the tropics support several other identifiable sources of climate variability affecting rainfall distributions. The Indian sector undergoes zonal shifts of rainfall on interannual time scales forming a dipole pattern in anomalous rainfall (Ashok et al. 2001 ). An extremely strong negative phase of this pattern occurred in 1997-98 during which East African rainfall, usually only slightly higher during an El Niñ o event, was very severe, while Indonesia experienced droughts. Indeed, the anomalous weather patterns during 1997-98 had a striking impact on the Rift Valley lakes of East Africa with an anomalous rainfall increase of 20%-160% during the rainy season (Birkett et al. 1999; Murtugudde et al. 2000; Mercier et al. 2002) .
Rainfall in the tropical Atlantic sector is also subject to interannual and decadal variations. The Nordeste region of Brazil, located at the latitude of the southernmost position of the seasonal ITCZ, in certain years can be subject to extreme drought or rainfall anomalies (Xie and Carton 2004) . Extreme rainfall years for this region include 1993, 1995 (high), and 1998 (low) . Likewise, changes in the northernmost seasonal migration of the ITCZ leads to years of anomalous rainfall in the Sahel region of central and western North Africa (Janowiak 1988) . Since 1991 this region has been anomalously dry, with only occasional years of above average rainfall including 1994, 1999, and 2003 . This drying trend is evident at Lake Chad in central North Africa, where altimetry observations, reviewed below, show that the water level has declined by more than 0.5 m during the past nine years.
Beginning in the early 1990s the launch of a succession of satellite radar altimeters has opened up the potential of remote sensing of levels for those lakes crossed by satellite repeat tracks. Initially poor signal-to-noise ratios limited the use of this data. However, improvements in processing techniques have dramatically improved the accuracy of this data (Birkett 1995) , and the availability of multiple satellites in different orbits has increased the number of lakes covered as well as the number of measurements.
In this study we focus on tropical lakes and reservoirs in the band of latitudes swept seasonally by movements of the ITCZ. In addition to providing strong rain-induced level variations, their tropical locations preclude concerns about radar scattering by ice and level changes due to seasonal thermal expansion. We focus on a sample of 12 tropical lakes and reservoirs distributed across three continents: 8 in Africa, 3 in Central and South America, and 1 in Southeast Asia (Table 1) for which acceptable multidecadal records are available. Most of these lakes and reservoirs are controlled to some extent. However, the impact of management is probably largest for the three reservoirs (Kainji, Bangweulu, and Balbina). Indeed, most reservoirs are multipurpose; as well as for irrigation, hydropower, and flood control, they are used for water supply, navigation, fishing, and recreation (Avakyan and Iakovleva 1998) . Unfortunately, small lakes (,100 km 2 ) generally are not sampled sufficiently by the altimetry and thus cannot be included in this study.
Hydrologic models developed for lake hydrological systems are of two types. The first includes the complex physically based models developed as a result of considerations of detailed hydrology, storage, and transport mechanisms. The second type, considered here, are d Mercier et al. (2002) .
e Hughes and Hughes (1992 simplified empirical linear models, estimating lake level as a function of net freshwater flux into the catchment basin. In this study our simple basin model contains two parameters: effective catchment to lake area ratio and time delay, both of which are determined by linear regression based on the simultaneous availability of lake level and rainfall. Successful application of this type of model opens up the possibility of deriving lake levels from water flux observations or forecast models, extending the link between these different components of the hydrologic system.
Study regions
Many of the African lakes that we consider here (listed in Table 1 ) lie in the Rift Valley of eastern and central Africa, including Turkana, Tanganyika, Mweru, Bangweulu, and Malawi. Three Western Rift Valley lakesTanganyika, Mweru, and Bangweulu-are part of the Congo River basin. Lake Tanganyika is the world's second or third largest lake by volume and second in depth, with major inputs from the Ruzizi and Malagarasi Rivers and major outflow into the Lukuga River. Bangweulu Reservoir has many sources, of which the Chambeshi River (the source of the Congo River) is the largest, but drains through the Luapula River. The Luapula River, together with the Kalungwishi River, provides water to tiny Lake Mweru. For all three of these Southern Hemisphere lakes the main rainy season is in boreal winter (Fig. 1) .
Two deep lakes, Malawi and Turkana, lie in the Eastern Rift Valley. Lake Malawi is 580 km long and is the most southern of the great African Rift Valley lakes.
Located within the Zambezi River basin it is the second largest and second deepest lake in Africa. Supplied primarily by the Ruhuhu River, Lake Malawi drains into the Shire River. The smaller closed Lake Turkana has several source rivers in the Nile River basin. The main water input (90%) is from the Omo River, which enters the lake from the north. The second largest input is from the Turkwel River, which is in the process of being dammed for hydroelectric power generation. Lake Turkana water loss is through evaporation owing to its arid climate. It is the world's largest permanent closed desert lake and the world's largest alkaline lake. By volume it is also the world's fourth largest salt lake. Seasonal rainfall for Malawi resembles that of the Western Rift Valley lakes described above, while Lake Turkana shows only weak seasonal rains due to shadowing by the surrounding terrain, with the highest rainfall coming during the ''long rains'' of March-June.
The last three African lakes that we consider are Lake Tana, which lies north of Turkana in the Ethiopian Rift Valley; Lake Chad, in central North Africa; and the Kainji Reservoir, positioned southwest from Lake Chad, with the main rainy season in boreal summer (Fig. 1) . Lake Tana, the source of the Blue Nile, is fed by four rivers and numerous seasonal streams. With a mean depth of only 8 m, the strong seasonal cycle of rain drives a 25% seasonal variation in depth; however, construction of a weir in 1996 has limited fluctuations of the level of this lake (Kebede et al. 2006) . Shallow (,7 m) Lake Chad experiences seasonal level fluctuations in the lake and surrounding marsh area, expanding in size from about 2000 km 2 to about 15 000 km 2 between dry and wet seasons. Lake Chad receives most of its water (95%) from the Chari/Logone River system, which connects Chad to the seasonally rainy highlands to the south with similar timing but half the amplitude of Kainji Reservoir and Lake Tana (Van Campo and Gasse 1993) . Most water loss is through evaporation and water extraction, though it has ;15% water loss through ground seepage (Carmouze et al. 1983; Isiorho et al. 1996) . Declining rains and excess water extraction have been held jointly responsible for the shrinkage of the lake over the past half century.
Lake Chad was the subject of earlier altimeter level studies by Coe and Birkett (2004) who developed a predictive model based on correlating upstream water levels in the Chari River with downstream levels in the lake. Estimates of phase lags across the basin varied from 20 days to 5 months (Birkett 2000; Coe and Birkett 2004) ; however, a one-month phase lag between the lake and the Chari River was explored as a potential warning tool of high flows.
The Kainji Dam was commissioned in December 1968, forming the Kainji Reservoir for the purpose of generating electricity. Incidentally, there are problems associated with its operation. During high September inflows there is often annual flooding of the lower Niger plains as the spillways are opened. During periods of low inflows (March-May), the water level is often well below the desired operational level (Jimoh 2008) .
In Central and South America we consider three lakes: Lake Titicaca, the largest freshwater lake in South America; Balbina Reservoir in central Amazonia; and Lake Nicaragua, the largest lake in Central America. Lake Titicaca is fed by rainfall and meltwater from mountain snowfields. Most water loss is through evaporation, although about 10% is lost through the Desaguadero River (Roche et al. 1992) . The water level of Lake Titicaca undergoes decadal variations of 1-2 m owing to changes in rainfall. For example, it experienced low water levels in the 1940s but rising elevations in recent years (Guyot et al. 1990 ). Lake Titicaca, because of its Southern Hemisphere location, experiences a rainy season in boreal winter ( Fig. 1) .
Shallow Balbina Reservoir was created in 1987 by damming the Uatumã River in the Amazon basin to supply hydroelectric power. Reservoir level variations reflect variations of rainfall into the Amazon basin with highest rain from February through May (with peak rain in March-April). It contains 1500 islands and innumerable stagnant bays where the water's residence time can exceed the 1-yr average (Fearnside 1989) .
Lake Nicaragua, located in Central America and affected by rainfall from the eastern Pacific ITCZ, experiences two rainy seasons per year and a relative minimum of rainfall during July and August known as the midsummer drought (Magañ a et al. 1999) . In response, Lake Nicaragua has a twice-yearly peak of lake level ( Fig. 1) .
Lake Tonle Sap in Cambodia is the largest lake in Southeast Asia and a key part of the Mekong hydrological system. It has only one major inlet/outlet-the Mekong River. Water drains from Tonle Sap into the Mekong through Tonle Sap River beginning in September. By spring Tonle Sap has an average depth of only 1 m. The onset of the monsoon season in late May and the resulting rise in Mekong River water levels reverses the direction of Tonle Sap River and Lake Tonle Sap begins to flood, quadrupling its surface area and deepening it to up to 9 m. Large changes in the area of Lake Tonle Sap mean that its volume depends on both lake level and surface area with the area expanding at a rate of ;1000 km 2 m 21 rise of level (Magome et al. 2004; Mekong River Commission 2005) . The lake is also subject to year-to-year variations. For example, Inomata and Fukami (2008) point out that 1998 was a year of unusually low rainfall, which consequently resulted in an anomalously low lake level.
Datasets
This study utilizes five different datasets focusing on two main parameters: lake level and rainfall. Lake level variability is determined by satellite radar altimeters. TOPEX/Poseidon (T/P) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) and Jason-1 (2002-08) have a 10-day repeat cycle with a track spacing of 350 km at the equator. Validation exercises with groundbased gauge data have shown that the time series of lake level variations can be accurate to 3 cm. The Geosat Follow-on (GFO) Mission (2000-08) has a 17-day repeat cycle and 170-km equatorial track spacing with accuracies 3.5 cm rms. The Earth Resources Satellites ERS-1 (1991-96), ERS-2 (1995 -2002 ), and Envisat (2002 follow a 35-day repeat cycle with 80-km equatorial track spacing and accuracies generally 9 cm rms. All satellites require a minimum target area .100 km 2 or width .500 m to achieve sufficient data quality (Cré taux and Birkett 2006) . Some lakes such as Lake Malawi are crossed by multiple tracks (Fig. 2) . Others, such as Lake Tonle Sap, are crossed only by one track, in this case near the outlet to the south of the lake.
In addition to the availability of tracks, data retrievals over lakes are subject to coastline and island interference. The accuracy of the altimetric height lake level is also affected by lake size and the number of available radar echoes collected, the surface roughness of the water (wave height), as well as atmospheric parameters such as water vapor. Due to the presence of on-board radar echo filtering software, lake level observations from Jason-1 are particularly poor for the smaller or more sheltered lakes with calm waters. A full discussion of the error budget terms is provided in Crétaux and Birkett (2006) and Calmant et al. (2008) . We note here that, in general, comparison of the combined altimeter record to gauges and intercomparison of measurements between instruments suggest the level estimates for large lakes are generally accurate to within 5 cm, but this level of accuracy may degrade to tens of centimeters (e.g., Lake Chad, Birkett 2000) to over a meter (e.g., narrow reservoirs such as Lake Powell) depending on the target (Birkett et al. 2010) .
For 11 of our 12 lakes and reservoirs we use the mergedsatellite product of the Laboratoire d'Etudes en Géo-physique et Océanographie Spatiales (LEGOS) (Crétaux et al. 2011) . This merged product includes data from six satellites (T/P, Jason-1, ERS-1-2, ENVISAT, and GFO) with each dataset processed independently and intersatellite height biases removed using T/P data as a reference. The merged product is available at approximately monthly resolution starting in late September or early October 1992 for most lakes. For a few lakes, such as Bangweulu and Titicaca, the product begins in 2000. For Balbina Reservoir and Lake Tonle Sap the LEGOS product ends in 2002 coincident with the demise of T/P. We explore uncertainties due to altimeter sampling and processing by comparing the LEGOS data for eight of the lakes with corresponding level estimates available from the U. S. Department of Agriculture Foreign Agriculture Service, Global Reservoir and Lake Monitor (GRLM) (Birkett et al. 2010) . The GRLM product is based only on three satellites-T/P, Jason-1, and GFO-but is available at finer 10-day resolution. For the comparison we interpolate both products to a uniform 5-day interval starting on the same dates, remove data outliers (identified subjectively), and fill short gaps in the time series by linear interpolation.
In this study we consider three rainfall products: the updated European Centre for Medium Range Weather Forecasts (ECMWF) ERA-Interim reanalysis (Simmons et al. 2007a,b; Uppala et al. 2008) , the Global Precipitation Climatology Project (GPCP) pentad rainfall (Xie et al. 2003) , and the Tropical Rainfall Measurement Mission (TRMM) 3B42 (V6) daily precipitation index (Adler et al. 2000) . ERA-Interim rainfall, derived here from the 3-h time step forecasts from the 0000 UTC analysis at 1.58 spatial resolution, represents an update of the earlier 40-yr ECMWF Re-Analysis (ERA-40) (Uppala et al. 2004 ), created to address systematic errors in this earlier reanalysis. Over tropical land areas the ERA-Interim rainfall is slightly heavier (in general up to 3 mm day
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) than in the previous reanalysis (Uppala et al. 2008 ). In particular Betts et al. (2009) reports significant improvements of ERA-Interim rainfall over the Amazon basin, showing more rainfall in all seasons than ERA-40 (up to 1 mm day 21 ) but with an annual cycle that is still too weak.
The two observation-based products that we consider, GPCP and TRMM, both include satellite-based observations. GPCP is a combined surface rain gauge-satellite analysis available as a 5-day (pentad) average product at 2.58 spatial resolution. TRMM multisatellite precipitation analysis (TMPA) is an adjusted satellite analysis combining active and passive observations from the TRMM satellite together with more frequent geostationary IR measurements to obtain a calibrated product with high temporal sampling, available daily at 0.58 spatial resolution. GPCP is available for our full period of interest, while TRMM begins in 1998. Although TRMM and GPCP have very similar spatial and temporal patterns, over land TRMM has higher amplitude (Adler et al. 2000) . A 1-yr comparison to rain gauges in northwest Africa by Nicholson et al. (2003) suggests that TRMM is nearly unbiased with a rms error, when smoothed to monthly resolution, comparable to GPCP. The differences among the rainfall products are illustrated in Fig. 3 for Lake Malawi. There it is evident that intraseasonal variations of GPCP and TRMM are larger than those of ERAInterim; however, the seasonal cycles are similar to within 10%-20%.
We consider only a single evaporation product, that of the ERA-Interim reanalysis. In the tropics evaporation has much weaker variations than precipitation (Yoo and Carton 1990) , as illustrated at Lake Malawi (Fig. 3) . Thus, in the tropics seasonal and interannual estimates of net freshwater flux are insensitive to the precision of the evaporation estimates.
Model
Here we introduce a simple water balance model similar to those used elsewhere (e.g., Calder et al. 1995; Nicholson et al. 2000; Vallet-Coulomb et al. 2001; Kebede et al. 2006) . Invoking conservation of mass for a lake catchment system leads to an approximate relationship between the lake level anomaly from its time mean (H), lake area (A L ), catchment area (A C ), anomalous net freshwater flux (P ÀẼ), and anomalous water loss (« t ) through a variety of processes at any given time (t) and space (x, y):
(1)
Here we assume a single constant delay (dt) between the time of freshwater flux and the accumulation of water in the lake. Thermal expansion effects are neglected as, for example, are the effects of changing salinity on evaporation rates. If we assume water level does not vary spatially within the lake (which could occur owing to wind effects for example), compute the time average of (1), subtract that time average equation from (1), neglect water loss (« t 5 0), and assume A C and A L are constant, then (1) reduces to the following predictive equation:
where [P(t) ÀẼ(t)] 5 A À1 C %(P ÀẼ) dA C is the timefluctuating anomaly of net freshwater flux from its time mean, averaged over the catchment basin, and similarlỹ H(t) represents the time-fluctuating lake level anomaly about its mean [H(t) 5 H(t) À H, see appendix]. We ignore anthropogenic influences, as we have no information to guide us on accounting for these effects.
The model contains two parameters: effective catchment to lake ratio, defined as the ratio of catchment area to lake area (A C /A L ) eff computed by fitting (2) using observed height and freshwater flux data for each lake, and time delay between freshwater flux and lake level response (dt). These allow us to construct model estimates of lake level based solely on freshwater flux estimates. Any unmodeled drainage (e.g., groundwater seepage) is also folded into the definition of (A C /A L ) eff . Note that (A C /A L ) eff in general will differ from (A C /A L ) as estimated from hydrologic drainage maps and the difference will provide information about the magnitude of unmodeled effects. The second parameter dt is estimated based on simultaneously maximizing the correlation between the model lake level and altimetric observations. Its uncertainty is determined by identifying the range of time delays spanned by the 95% confidence interval of the correlation. The resulting models are designated Model-I, Model-G, and Model-T for those developed using the three rainfall products (ERA-Interim, GPCP, and TRMM). Since the emphasis in this study (and the validity of the empirical model) is on interannual and shorter time scales, all time series are filtered to remove a least squares quadratic trend. Such trends could be introduced by unmodeled effects such as changes in land cover. However, the integral nature of the relationship between freshwater flux and lake level means that spurious trends in lake level may also be the result of white noise random errors in freshwater flux. By removing the trend we reduce the impacts of both model limitations and random error in the forcing.
For two shallow lakes, Chad and Tonle Sap, lake area increases dramatically with increasing lake level owing to the flooding of surrounding marshes. If instead of assuming a constant A L we assume a proportional relationship A L 5 QH, where Q is an empirical constant, then Eq. (2) leads to a square root relationship between the integral of freshwater flux and lake level:
where A Lo 5 2QH (see appendix). When it is small compared to the variability of lake level we expect (3) to yield a quadratic relationship betweenH(t) and the rhs of (3). But, for deeper or more slowly expanding lakes we regain a linear relationship similar to that expressed in (2). For Lake Chad the scatter diagram in Fig. 4 presents the rhs of (3) plotted along the ordinate versus H(t) along the abscissa. The positive curvature in this relationship suggests that for this lake the second term on the lhs of (3) is not negligible compared to the first. However, the relationship remains approximately linear for the observed range ofHðtÞ. Because of the appropriateness of a linear approximation for all lakes considered here we will only explore the linear model described by (2).
Results

a. Altimetry validation
Construction of lake-level time series involves a complex set of decisions regarding the choice of satellite, ground track, noise filtering algorithms, geophysical corrections, height reference datum, and application of intermission height bias. Since rather different choices have been made for LEGOS and GRLM, we begin by comparing the lake-level time series from the two different products for the eight lakes for which both altimetry datasets are available. The comparison (after trend removal, described below) shows that the agreement is quite good for most lakes (Tables 2 and 3 show correlation and rms difference). Malawi, for example, shows excellent agreement with a correlation in excess of r 5 0.99 (Fig. 5a ) and a rms difference of 0.11 m. The worst agreement between the two lake level estimates occurs for Kainji Reservoir (r 5 0.87 Fig. 5b ), the smallest lake for which both datasets are available. Kainji Reservoir also has the largest rms difference between the estimates of 1.45 m, which is about half of the observed variability. In this respect it resembles Lakes Tana and Chad. The Lake Chad level is known to be difficult to estimate owing to the presence of shallow low-lying near-shore areas and islands. The causes of level error at Tana are less obvious. Determining the causes of these differences is complicated by the fact that LEGOS and GRLM use data from some of the same altimeters (but the estimates with range errors from individual satellites are not available for direct comparison). Thus, we are left to conclude simply that for most large lakes the products are in excellent agreement, but in the case of Kainji, Tana, and Chad there are significant differences between the LEGOS and GRLM estimates.
b. Validation of model-based lake level estimates
We have pointed out that freshwater input to northern and southern tropical lakes peak in different seasons. Figure 1 shows the seasonal cycle of GPCP rainfall ranging from 0 to 12.5 mm day 21 with the standard deviation of climatological monthly rainfall (shaded in the background), in general, less than 2 mm day 21 for our selected tropical lakes and reservoirs. Rainfall is averaged over lake catchment areas defined and given in Table 1 . Published estimates of the catchment and lake areas may vary with season and are different for different sources (the values we report in Table 1 are obtained from comparison of International Lake Environment Committee and LakeNet databases, with individual lake studies). For our catchment basins freshwater flux associated with GPCP rainfall is similar to TRMM and generally larger than ERA-Interim.
To illustrate our procedure for determining two model parameters (see Table 4 ) we consider Lake Malawi. For Lake Malawi setting dt 5 15 day gives a correlation between left-hand and right-hand terms in Eq. (2) of r 5 0.79 using GPCP rainfall, increasing to r 5 0.95 when using ERA-Interim flux with dt 5 25 day (Figs. 6a,b, Fig. 7) . The uncertainty in the correlation associated with the relatively short data records leads to an estimate of the uncertainty in the time lag of 610 day. Rms differences are also lower when using ERA-Interim rainfall rather than GPCP (0.24 m versus 0.33 m). During the shorter 11-yr period 1998 through 2007 when TRMM rainfall is available, TRMM flux gives r 5 0.75, while GPCP leads to a better fit with r 5 0.85 (Figs. 6c,d ) and lower rms differences (0.24 m versus 0.32 m). Minimization of the rms differences leads to an effective catchment to lake area ratio of 3 regardless of the rainfall product used.
This procedure, carried out separately for each model, leads to time lag estimates of 0-15 days for Tana, Titicaca, and Nicaragua; 15-35 days for Tanganyika, Malawi, Chad, and Bangweulu; 45-100 days for Turkana, Mweru, and Kainji; while for Balbina and Tonle Sap there is no Coe and Birkett (2004) and Birkett (2000) , whereas our models show values ranging from 25 to 35 days. Time series of lake levels and corresponding model estimates are shown in Figs. 8a,b . The variability of the lake-level height time series ranges over one order of magnitude among lakes because of differences in configurations and morphological characteristics of both the lakebeds and the catchment basins as well as rainfall variability.
In response to the seasonal variations in rainfall, all lake levels, except for Lake Turkana, have prominent seasonal cycles. However, a few interesting differences between rainfall and lake level at seasonal time scales do occur. The seasonal cycle of ERA-Interim rainfall onto the Lake Chad catchment basin decreases in amplitude by 50% with time from 2001 to 2007 (0.64 to 0.33 m) in a way that is inconsistent with either the seasonal Lake Chad level variations or with either GPCP or TRMM rainfall, suggesting that ERA-Interim rainfall has an erroneous trend there. At Mweru, in contrast, seasonal ERA-Interim rainfall appears to increase in amplitude with time, especially during the recent period 2003-07 (increasing from 0.53 to 0.72 m). Lake Titicaca, high in the Andes, shows a reduced seasonal input of freshwater in the past few years, which does appear to be reflected in all rainfall estimates. At the Kainji Reservoir the modeled level has a very brief seasonal peak in rainfall in late summer (September). In contrast, the observed level remains high throughout the summer, perhaps as a result of active water management.
We next consider the accuracy of the three lake-level models (Tables 2 and 3 ). Because record lengths are shorter for Model-T, a version of Model-G (called Model-G2) is created, which is based on parameters determined from the same length record as Model-T and thus can be directly compared (Fig. 8b) . The median correlation between the observed and modeled lake levels is slightly higher for Model-G than for Model-I (0.78 versus 0.70), and the median rms differences between observation and model are the same (0.45 m). Model-G2 has significantly higher correlation with observations than Model-T (0.84 versus 0.74), while the median rms difference is lower (0.30 m versus 0.41 m). However, a closer examination shows that the best model for a given lake varies. For Lake Chad and three Southern Rift Valley lakes-Tanganyika, Mweru, and lakes Nicaragua and Titicaca, Model-G provides the best results (mean difference of 0.39), while Model-T is slightly superior overall (mean difference of 0.05) for Balbina, Tonle Sap, and Kainji.
c. Effects of climate variability on tropical lake levels
To focus on year-to-year changes, we filter out the seasonal cycle by removing the annual and semiannual Fourier harmonics from both observed and modeled lake levels (experiments show these harmonics capture almost all the energy in the seasonal cycle).
1 The anomaly time series are shown in Figs. 9a,b . With the seasonal cycle removed, the East African Rift Valley lakes-Turkana, Tanganyika, Mweru, and to a lesser extent Malawi-show pronounced rises of lake level in 1997-98 in response to the combined effects of El Niñ o and the positive phase of the Indian Ocean dipole, confirming results from direct lake level observations (Birkett et al. 1999; Murtugudde et al. 2000; Mercier et al. 2002) . Western African Rift Valley lakes, such as Mweru and Tanganyika, also experience an enhanced lake level rise of 140%-190% during this anomalous rainy season. Interestingly, ERA-Interim shows a corresponding increase in rain into the Tanganyika and Mweru basins, which is not evident in GPCP, while GPCP shows an increase in rain into the Turkana catchment basin, which is not evident in ERA-Interim. Lake Tonle Sap on the eastern side of the Indian Ocean dipole shows a corresponding decrease in level. We also confirm earlier observations of Alsdorf et al. (2001) , showing that the South American Balbina Reservoir and the Central American Lake Nicaragua have 2-m and 1-m decreases in lake level during the spring and summer of 1998 resulting from the decrease in rainfall associated with the 1997-98 El Niñ o. Interestingly, the lake level responses to the 2002-03 El Niñ o are much less pronounced than the 1997-98 El Niñ o for most lakes. For example, Lake Nicaragua had peak values 0.47 m lower than the long-term average of height level. An exception was Lake Malawi, which had greater peak values (0.73 m) during the latter event perhaps because of climate variability in the Indian Ocean sector.
Strong tropical cyclones and hurricanes, as well as droughts, are noticeable in the lake level records. For example, Lake Nicaragua shows a dramatic 1-m increase in early November 1998 as a result of rainfall input from Hurricane Mitch (evident in GPCP and TRMM but not in ERA-Interim). Lake Nicaragua and much of Central America experienced a drought during late 2006 and early 2007. Similarly, the catchment basins of Lake Turkana and Lake Tana experienced major drought events during 2005 and 2007. Lake Nicaragua experienced a level drop during 2001 due to drought. Most lakes and reservoirs are also subject to active and variable water management, which likely plays a significant to dominant role in regulating water level. TABLE 4. Model parameters: time lag dt (with uncertainty resulting from 95% confidence interval estimates) between lake level and integrated freshwater flux (in days), the effective catchment area to lake area ratio (A C /A L ) eff , for the three models (Model-I, Model-G, and Model-T), and the actual ratio between catchment area to lake surface area (A C /A L ). The A C and A L values for calculating A C /A L ratio are from Table 1 . 
Conclusions
This paper explores the use of a simple empirical model in deriving lake level estimates from rainfall. This type of model has a number of potential applications, including providing level estimates for basins where no groundbased or satellite-based level data is available and in developing lake level hindcasting/forecasting capabilities. It can be used by climate modelers and by the water management community, and thus potentially represents a significant contribution to earth system modeling. The model parameters (delay time and catchment to lake area ratio) also provide information regarding the hydrological properties of the lake basin.
We apply the model to compare the model-derived and altimeter lake-level time series for a sample set of 12 tropical lakes and reservoirs distributed across Africa, Asia, and the Americas, which lie in a band of strong seasonal monsoonal rainfall. The time series of the model and altimeter datasets span most or all of the 16-yr period 1992-2007. For eight of the lakes two different altimeterbased level products are available. One, LEGOS, is based on a combination of up to six altimeters, while the other, GRLM, is based on just three. The use of different altimeters and different ways the geophysical corrections and spatial filtering are carried out may affect the accuracy of the products. Yet, despite these differences the results from LEGOS and GRLM are reassuringly similar. The largest discrepancies between the two estimates occur for the two smallest lakes, Kainji and Tana, where the correlations dip slightly below 90%. For these two lakes the rms differences between the two level products are about half as large as the lake level variability itself, while for many of the other lakes the rms differences are less than 20% of the level variability.
All lake levels, except of Lake Turkana, have pronounced seasonal cycles with the largest amplitudes occurring for the lakes in high rainfall regions: Kainji in Africa, Balbina in South America, and Lake Tonle Sap in Southeast Asia. The lack of a seasonal cycle at Lake Turkana is due to its location in the rain shadowed region of the Chalbi Desert basin, blocked from the seasonal rains by its surrounding mountains. For the other lakes comparison of the timing and amplitude of the seasonal rainfall and lake level allows us to estimate model parameters, such as the time delay between freshwater input and level, and the effective catchment to lake area ratio. The ability to estimate these parameters is important since there are few published estimates of the former and published estimates of the latter vary widely. The lakes and reservoirs have time delays that range widely between 0 and 105 days with uncertainties of up to 35 days and effective catchment to lake ratios that range between 2 and 27.
The effective catchment to lake area ratios are generally larger than the estimated catchment to lake area ratios because of the presence of unresolved processes such as groundwater seepage, which is not otherwise accounted for in the simple model that we propose. An extreme example of groundwater seepage is Lake Chad, which has an estimated catchment to lake area ratio of 647 but an effective ratio of 10. Similarly, Lake Turkana has an estimated ratio of 20 but an effective ratio of 3.
For each lake or reservoir we construct a simple model of level anomaly forced by observed anomalous freshwater flux falling onto the associated catchment basin. Since freshwater flux variability in this latitude band is largely driven by rainfall variability, and analyses differ, we compare three: ERA-Interim reanalysis (Model-I), a combined rainfall analysis, GPCP (Model-G), and a purely satellite rainfall analysis, TRMM (Model-T). All three analyses are available at 5-timesdaily resolution; however the TRMM rainfall is only available from 1998, while the other two span our full time period of interest (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) . Either of the rainfall analyses provides reasonable lake level estimates for most lakes much of the time, but in some years the model fails at some locations. Many lakes show decadal trends, which may be caused by nonrainfall-related changes such as deforestation, growth of cultivated farming, irrigation, etc. To focus only on the (hopefully more rainfallrelated) intraseasonal-to-interannual signals all records are filtered to remove a quadratic trend.
When the seasonal cycle is also removed, some of the time series reveal striking nonseasonal variability. The Rift Valley lakes, Turkana, Tanganyika, Mweru, and Malawi, all show a dramatic rise in response to the combined 1997-98 El Niñ o and Indian Ocean dipole events. In contrast, the Central and South American lakes, Nicaragua and Balbina, show significant level decreases for the same time period. Interestingly, other ENSO events do not show nearly as pronounced a response. Other climate events, such as tropical cyclones and hurricanes and episodic droughts, also show up in lake level records. Changes in the effective catchment area because of irrigation, and other human intrusions, are important and have their influence on model results as well. The development of lake-level models driven by rainfall also gives us a way to evaluate the accuracy of the rainfall products by using the lake catchment basins as if they are giant rain gauges. For some lakes the ERAInterim reanalysis rainfall provides the most successful model estimates, for example, Lake Malawi (r 5 0.95). However, for most other lakes the best results are obtained using the observation-based products: GPCP or TRMM. For most of these lakes GPCP seems to produce superior results (with the median correlation of 0.78 versus 0.70 for ERA-Interim and 0.84 versus 0.74 for TRMM at two examined periods). The comparison of modeled and observed level allows us to identify weaknesses in the reanalysis rainfall estimates for particular catchment basins such as the weakening of the seasonal cycle with time at Lake Chad and the spurious interannual variability at Kainji Reservoir (ERAInterim).
Simplifications inherent in the simple empirical model used here likely explain much of the mismatch between the model predictions and observations. To give just a few examples, this model neglects the possibility of multiple time scales associated with the delay between rainfall and changes in lake level. It assumes that the catchment basin remains static with time and neglects thermal expansion and ice formation, as well as the possibility of seasonal changes in land use. Many lakes and reservoirs are actively managed and yet this model provides no mechanism to reflect such management. The model is inherently linear and thus cannot adequately represent processes that are flow dependent such as lake discharge and groundwater seepage. Another important simplification is the lack of any model of the changing slope of water across the lake itself, important because the altimeter coverage may be quite limited for a given lake or, worse, may change with time as the satellite altimeters used in the analyses change. And of course the quality of the results will depend on the quality of surface flux estimates. Evaluating the impact of these simplifications and developing more sophisticated models should open up new avenues for research.
Still, despite the many simplifications associated with this two-parameter model, the reasonable values it produces suggest that historical rainfall estimates can provide an interesting way of evaluating past lake level variability, the reverse of the Nicholson et al. (2000) use of Lake Victoria gauge measurements to infer historical rainfall. Examination of the model errors may help to FIG. 8. Observed LEGOS (black) and modeled lake level (colored) for 12 lakes and reservoirs considered in this study: (a) ERAInterim (red) and GPCP (blue) for time period 1992-2007 and (b) TRMM (red) and GPCP (blue) for time period 1998-2007. Displacement between horizontal lines is 3 m. Levels for two lakes, Turkana and Balbina, have been reduced in amplitude by a factor of 3 and 2, respectively, so as to include them in the same figure. A quadratic trend has been removed from each time series. quantify anthropogenic effects like changing deforestation or irrigation where other sources of information may be limited. Finally, as noted in the introduction, the success of the models suggests their potential use for forecasting of lake levels in the medium range (1-3 weeks) based on output from weather prediction center forecast models. Exploring this possibility is the subject of our current research. vided by the Laboratoire d'Etudes en Géophysique et Océanographie Spatiales; the United States Department of Agriculture Foreign Agriculture Service, Global Reservoir and Lake Monitor database; the European Center for Medium Range Weather Forecasts; the Global Precipitation Climatology Project; and the Tropical Rainfall Measurement Mission. We gratefully acknowledge help and advice from John Janowiak and Phil Arkin. Support for MR and JAC has been provided by the NASA Winds Program (JPL 50526-8118), while support for CMB has been provided by the NASA OSTM and Decision Support Programs NNX08AT88G and NNX08AM72G. This work forms part of the dissertation research of MR.
APPENDIX
Lake Model
Begin with d dt %H(x,y,t)dA L 5 %[P(x,y,t À dt) ÀẼ(x, y, t À dt)] dA C À « t .
(A1)
Assume H is independent of x and y, that A L does not vary in time, and set « t 5 0. We will assume that we have first removed the time mean precipitation and evaporation before applying these terms to (A1) [e.g., FIG. 9 . Similar to Fig. 8 , but with the annual and semiannual Fourier harmonics filtered out. Displacement between horizontal lines is 2 m. Levels for four lakes, Turkana, Tanganyika, Mweru, and Balbina, have been reduced in amplitude by a factor of 5, 1.5, 1.5, and 2.5, respectively, to include them in the same figure. Gray boxed areas identify two El Niñ o periods 
Integrating (A2) gives
whereP(t) is the average precipitation falling on the catchment area. Alternatively, we could assume A L 5 QH(t) in which case (2) becomes
where now we need to write explicitly that H(t) 5 H 1H(t). 
